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INTERNATIONAL COMPARISONS OF THE RESIDENTIAL DEMAND FOR ENERGY:
A PRELIMINARY ANALYSIS
I. Introduction
This paper reports on some initial results from an econometric study
of the world demand for energy. The long-run objectives of this study
are to estimate the determinants of total energy demand and interfuel substi-
tution in the residential and industrial sectors of about twelve industrialized
countries. Here we concentrate on the residential sector, and examine some
very preliminary estimates of inter-country differences in the structure of
demand.
In modelling the residential demand for energy we assume that consumers
make two decisions in purchasing fuels. First, they decide what fraction of
their total budgets will be spent on energy, as opposed to such other consump-
2tion categories as food, clothing, etc. Next, with the amount of money to be
spent on energy taken as given, consumers decide which fuels to purchase, i.e.
the fractions of energy expenditures allottedto oil, natural gas, coal, and
electricity. Thus we assume (and we will empirically test this assumption) that
consumers' utility functions are separable between energy and other commodities,
i.e. that expenditure shares on fuels may depend on total energy expenditures,
but are independent of the expenditure shares for other consumption categories.3
1This study is itself part of a larger project to develop analytic models of the
world oil market.
2For now we do not treat energy as a derived demand determined by the stock of
energy-using appliances (in fact durable goods are a separate consumption
category). In the dynamic models to be discussed later the effects of changes
in appliance stocks will be included implicitly.
3We thus have a "utility tree" along the lines described by Strotz [60], and the
marginal rate of substitution between any two variables in the class of energy
expenditures is independent of the expenditure on any other consumption category.
2Estimating the demand for energy requires a model for the breakdown of
total consumption expenditures. A number of such models have been constructed
by others, some of them additively consistent (in terms of shares adding to
one) and some inconsistent.4 Typical model choices have included the additive
logrithmic model, the linear expenditure system, and the additive quadratic
5
model. Usually these models have been estimated using time series data for
single countries, but in some cases cross-country comparisons have been made
using pooled time series-cross section data for a number of countries.6
We will extend this work by estimating both static and dynamic versions
of the indirect translog utility function with pooled data. The advantage of
the translog function is that it is a general approximation to any utility
function, and therefore it does not a priori impose constraints of homotheticity
and additivity. We will thus be able to obtain unrestricted estimates of own-
price, cross-price, and income elasticities; this is important as there is reason
to think, for example, that the income elasticity for energy demand differs from
unity. In addition, we will be able to test whether homotheticity, additivity,
stationarity, and for that matter, utility maximization are reasonable assumptions.
We will also estimate alternative models for the breakdown of consumption
expenditures. In particular, we will repeat Houthakker's 1965 study [31] using
more recent data and our own consumption categories. This will permit us to
explore some basic issues in the pooling of heterogeneous data, and to look for
differences between short-run and long-run elasticities that might suggest priori
specifications for dynamic models.
4 For an overview of models of consumer behavior see Brown and Deaton[ll] and
Phlips [52].
5 See Houthakker [30], Pollak and Wales [55], Houthakker and Taylor [32], Phlips[52],
and Theil [63].
6See Houthakker [31], and Goldberger and Gamaletsos [23].
3In estimating models of consumption expenditures we wish to explore
the extent to which higher energy prices might reduce the total consumption
of energy. Although energy prices did not increase substantially during the
period covered by our data (pre-1974), there is enough cross-sectional varia-
tion in prices to allow us to obtain price elasticity estimates, as well as
estimates of income elasticities. In addition, by estimating models using
country dummy variables and/or alternative groupings of countries we hope
to determine the extent to which elasticities vary across countries.
In estimating the demands for individual fuels we will also test a number
of alternative model structures. We will again use our pooled data to estimate
both static and dynamic versions of the indirect translog utility function. In
doing so we can obtain unrestricted estimates of own-price, cross-price, and
total expenditure elasticities, and test for homotheticity, additivity, and
stationarity. Also, by estimating a translog model that includes both non-
energy consumption expenditures and fuel expenditures we can test for separability.
We will also use the multinomial logit model to break energy expenditures
down into fuel shares. One advantage of the logit model is that it is relatively
easy to estimate; as long as the share data represents aggregated samples of
individual decisions (i.e. average shares for a large number of consumers) rather
than individual decisions, ordinary or generalized least squares can be used.
Another advantage of the logit model is that it allows considerable flexibility
for working a dynamic structure into the specification. The logit model also has
disadvantages, however. Estimates become inefficient when there are zeros in the
share data. In addition, all cross-elasticities for a given own price are equal;
4as Hausman and Wood have shown [26], they are the sum of the price elasticity
for total expenditure minus the own price elasticity weighted by the share.
This fact that cross elasticities are determined by total and own elasticities
is restrictive, but much less so than the restrictions inherent in the linear
expenditure system, additive quadratic model, and other "consistency" models.
In estimating demand models for individual fuels we will explore the extent
to which fuel shares shift in response to price changes and changes in total
energy expenditures over both the short- and long-run. Again, there should be
enough variation in prices through the combined use of time-series and cross-
section data to obtain reasonable elasticity estimates, and determine the extent
to which elasticities vary across countries.
As one might expect, in work like this we are continually bound by data
limitations. For many countries there is no good data available for some or
all of the variables of interest to us. For other countries data exists, but
obtaining that data can be an extremely time consuming and laborious task, so
that choices had to be made as to which data were to be collected. These data
limitations were one of the factors that helped define and delimit the modelling
approaches used here. In particular, it necessitated restricting our detailed
7
analysis of demand to a small set of countries. Even for these countries,
however, the quality of the data varies, and compromises had to occasionally be
8
made. The data used in this study is described briefly in this report; a much
more detailed description is provided in a separate report entitled "A User's
Guide to the MIT World Energy Demand Data Base."9
7A much less detailed model of the demand for petroleum products is being con-
structed for a number of "secondary" countries for which only partial data is
available; the results of this work will be described in a forthcoming paper.
8For example, one of our consumption expenditure categories is "food, alcohol,
and tobacco." For some countries a price index is available only for food, and
this index was used since food is by far the largest component of the category.
Working Paper No. MITEL76-01lWP, MIT World Oil Project, May 1976.
5We stress that the results presented in this paper are preliminary and
in many ways incomplete. Only some of our alternative model specifications
have been estimated at this point. This report, however, does serve to provide
initial elasticity estimates, explores problems in the use of pooled international
data, and provides a framework for continuing modelling work. Hopefully it
will also provide a source of feedback in the form of comments, criticisms,
and suggestions that can help correct deficiencies in the present approach.
In the next section we outline alternative specifications of alternative
models of residential energy demand, and discuss the characteristics of each
specification. Section 3 discusses some methodological issues in the estimation
of energy demand models using pooled data. These issues include the use of
purchasing power parities to make international comparisons, the question of
accounting for thermal efficiencies in the use of energy consumption data, the
formulation of an aggregate price index for energy, and the use of alternative
estimation methods. Section 4 describes some of the characteristics and limita-
tions of our data, and Section 5 includes the statistical results.
62. Alternative Specifications for Models of Residential Energy Demand
As explained above, all of our models of residential energy demand involve
a two-stage approach where first consumption expenditures are broken down into
energy and other consumption categories, and second energy expenditures are
broken down into expenditures on fuels. We begin here by reviewing the proper-
ties of the indirect translog utility function with a time trend and discuss its
application to both stages of the residential model. Next we describe some
alternative dynamic specifications of the indirect translog utility function.
As we will see, these specifications will permit us to explicitly include stock
adjustment or habit formation effects. We then discuss the multinomial logit
model and its application to the estimation of fuel shares. Finally we discuss
alternative model specifications, including simple models.
2.1 Use of the Indirect Translog Utility Function
The indirect translog utility function is a second-order approximation to
any indirect utility function. The indirect translog function with time-varying
preferences, introduced by Jorgenson and Lau [37], has the form:10
log V = + ZEailog(Pi/M) + att + Izi log(Pi/M)log(Pj/M )
ij ~
2 ~~~~~~~~(1)
+ EZi tlog(Pi/M)' t + Stt 2
When the indirect translog function is used to model expenditure shares for
energy and non-energy consumption categories, Pi is the price index for consump-
tion category i and M is total consumption expenditures. When this function is
10 The indirect translog utility function without time was introduced by Christensen,
Jorgenson, and Lau [15]. The homothetic form of the indirect translog function
was used by Christensen and Manser [14] to study consumer preferences for food,
and the non-homothetic form was used by Jorgenson [35] to study a three-category
breakdown of consumer expenditures in the United States. Berndt, Darrough, and
Diewert [70] demonstrated empirically that the translog specification is more
robust than other generalized functional forms such as the generalized Leontief
or generalized Cobb-Douglass utility functions.
7used to model fuel shares, Pi is the price of fuel i, and M is total
expenditures on energy. The indirect translog function implies the budget
share equations:
PS X aj + iBjilog(Pi/M) + t
si - M ++*I=l ..... n (2)j j~~~~t
5a + ilog- i/M) + ·m-
where X. is the quantity consumed of category i (or fuel ),
t is a time trend (equal to zero at the beginning of the estimation period),
and i '- Oi 'Oki' 8Mt k kt
Note that the parameters ao, t, and Ott in equation (1) do not affect the
utility-maximizing quantities consumed, and therefore cannot be identified.
In addition note that the budget constraint implies that S = 1, so that only
(n-l) of the share equations need be estimated to determine all of the parameters.
The budget share equations are homogeneous of degree zero in the parameters,
and therefore a parameter normalization is required for estimation. We use the
normalization = Za = -1. A number of parameter restrictions are also
required if the share equations are indeed based on utility maximization. In
particular, the parameters and t must be the same in each of the n share
equations. Since there are (n+l) parameters involved, and (n-l) equations are
estimated, this implies a total of (n+l)(n-l) restrictions. Also, we assume that
that log V is twice differentiable in its arguments, so the Hessian of log V
must be symmetric. This implies the following (n-l)(n-2) symmetry restrictions:
Bi = i j, i,j = , ..., ni , (3)
8There are an additional (n-l) restrictions resulting from the fact that the
thparameters of the n equation are determined from the parameters of the first
(n-l) equations and the definitions of Mi and Mt. Thus, the total number
of parameter restrictions is n(n-l).
There are other restrictions that might be imposed on the indirect trans-
log function, and tests can be performed to determine whether such restric-
tions are supported by the data. We will test some of these restrictions
in this work, so we list them here.
The indirect translog function is stationary if preferences do not
11
change with time. Stationarity implies that the parameters it are all
it
12
equal to zero, jail, . . ., n.
In estimating the consumption breakdown model, we might wish to test for
groupwise separability between energy and the other consumption categories.
Letting P1 and S1 be the price index and expenditure share for energy, and
P2' P3 . ' Pn and S2, S3, . .. , S be prices and shares for the other
categories, separability would imply that the underlying indirect utility
function can be written as
logV = F(logVl(P2/M,P3/M, . . ., t), P1/M, t) (4)
If the underlying indirect utility function is groupwise separable, then the
following restrictions must hold:13
A dynamic translog function, in which long-run elasticities differ from
short-run elasticities, may still be stationary as long as the elasticities
themselves do not depend on the particular time in which prices or income
change. This is discussed further later.
1 2Note that stationarity is equivalent to explicit neutrality. An indirect
utility function is explicitly neutral if it can be written as
log V = log V (P1/M, P2/M...,Pn/M) + F(t)
1 3See Jorgenson and Lau [37] for a derivation of these restrictions.
9B12 : 2 813 l 3, . i n Pl (5)
where 1 is a constant. Even if the underlying indirect utility function is
groupwise separable, the translog approximation need not be. Explicit group-
wise separability ensures that the translog approximation is also groupwise
separable. This requires the additional restriction that p1 = 0.
We will also estimate share equations based on homothetic indirect utility
functions.1 4 Under homotheticity the budget shares S. are independent of total
J
expenditures M. This implies that the income elasticities of demand for
every commodity are the same and equal to unity. The underlying indirect
utility function is homothetic if
= oa. j = 1, . .., n (6)
where a is a constant. Explicit homotheticity will ensure that the translog
approximation is also homothetic, and this requires the additional assumption
that a = 0. If the indirect utility function is explicitly homothetic
and t = 0, then it is also homogeneous.
Finally, it is straightforward to test for explicit additivity, since
a necessary and sufficient condition for explicit additivity in the commodi-
ties is that the indirect translog function is explicitly groupwise seperable
15in any pair of commodities from the remaining commodity.5 Thus the parameter
constraints are that ij = 0, i j.
1 is homothetic if it can be written as logV = F(logH(Pl/M, . . , Pn/Mt)t)
where H is homogeneous of degree 1.
15An indirect translog utility function is explicitly additive if it can be
written in the form
log V = log Vl(P1/Mt) + ... + log Vn(Pn/M,t).
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We can test restrictions using a simple chi-square test. The appropriate
test statistic is
A ^~~
-2 log A = n (logQ r - logl u) (7)
where '1 I and J6 I are the determinants of the estimated error covariance
matrices for the restricted and unrestricted models respectively. This
statistic is distributed as chi-square with degrees of freedom equal to the
number of parameter restrictions being tested.
It is important to remember that there are only certain ranges of inputs
over which the indirect translog utility function is a meaningful approxima-
tion to the underlying utility function. Consider, for example, the marginal
utility of income (or of total expenditure), X = 3V/M:
V agV VP
- . = -- (ai+8 Ealog4 +~ a.t)(8
M alogM M i Sij 4 i ) (8)M 
The a. sum to -1 by the normalization, while the 3.. can be positive or nega-1 1J
tive. If some ij are positive, then as M becomes zero X can become negative,
ij
and if some 8ij are negative, then as M becomes increasingly large X can become
negative. Thus, there are ranges of input space for which the translog ap-
proximation may not be meaningful. It is important therefore to check esti-
mated translog models by determining whether the marginal utility of income
is positive over the range of historical (and forecasted) input data.
After estimating models for the breakdown of consumption expenditures
it might be useful to compute risch's welfare indicator for purposes of
cross-country comparisons, e.g. to determine the relative effects on different
countries of higher energy prices. This indicator is simply the income
elasticity of the marginal utility of income, i.e. nXM = logX/alogM. For
11
a utility function that is well-behaved over the entire input space (which
the translog is not)nkM would range from a large negative number (when M
is zero) to zero (as M approaches infinity). Taking the log of equation (8)
and differentiating, we have for the indirect translog function:1 6
SE 8.
-n>M = - 1 ~~~~ i i C (9).i-1 -(i j
n~~~i=~~~
i + ZiS log M + Z.ti i ij ij M i itt
Note that as M + 0, nqM +- l, so that a very small M is clearly out of the
"meaningful" range. The same is true for M + o.
We also need formulas for the calculation of income and price elasticities.
The income elasticity of demand for good j, %M = logX /logM, is found by
multiplying the share equation (2) by M/P. and differentiating:
iMi i ji/31+ - /+ i (10)
aM + ilO)+jM Pia + E..t3log +
Note that this is also the formula for the expenditure elasticity alog(PjX.)/alogM.
The own price elasticity njj alogX/alogPj is
/S i i
= -1+ J/ - «M j (ll)
a + 8Milo - + t
i
and the cross price elasticities nji = logX/logPi are
j/ji -6
;i = /S - S (12)
aM + Milog + m.t
i
16The same equation also applies to the direct translog utility function.
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These elasticity formulas can be applied to each stage of our two-stage
demand model, but they cannot be used to determine the total effect of a change
in price or income on the demand for a particular fuel. If the price of oil
changes, there will be a change in total expenditures on energy, and this will
also affect the demand for oil. The total own price elasticity i
d log X/d log P is given by
J ~J
P. fx j ) ME PE 
r] = -j I (13)jj X. aP. DhE PE aP.JJ JJ
where P and X are the price and quantity of fuel j, ME is expenditures on
J J
energy, and PE is the price index for energy. Thus, to determine the total
elasticity we need an expression for the price of energy in terms of the
prices of individual fuels. Since fuels are not perfect substitutes we can-
not determine P as a simple weighted average of the fuel prices. Instead
E
we view PE as the cost of producing heat from fuel inputs, and use a translog
cost function with constant returns to model this "production" process:
log PE = Yo + Z Yi log P + Z Z Yij log Pilog Pj (14)
i ij
This is an energy price aggregator, and can be determined up to a scalar 
by estimating the share equations1 7 Si Y + Y log P Given equation
(14) for the price of energy, we have
aPE PE
EaP' S (15)
ap . p* Sj
1 7We will discuss the energy price aggregator in more detail later.
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*
We can thus compute TjI from the fact that
ax. X.
DP.= P ji (16)
i 3




DME ME i }7
where Tj is the expenditure elasticity for fuel j given by equation(10),
and
3E
aPE X (1 + nEE) (18)
where XE is the total quantity of energy consumed and nEE is the partial
own price elasticity of energy consumption. Now substituting (15), (16),
(17), and (18) into (13), we have
*
nj njj + njME(l+nEE (19)
We can similarly compute the total cross price elasticity nji from
*i '.P ax. ax. aE ap
'" i LaP I ai aPE aPi] T i + SinjME(1+nEE) (20)
and the total income elasticity njM from
* _ M aXj E (21)
'jM X aM aM
Note that since ME/aM = (ME/M)nEM, where EM is the income elasticity of
energy expenditures, we obtain
*
TI jM =TI J ME "71 EM (22)
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2.2 Dynamic Versions of the Indirect Translog Utility Function
A problem with the translog demand models described above is that they
do not explain differences between short-run and long-run elasticities.
Even when the time trend is included in the indirect utility function, the
model is not really dynamic - tastes can change slowly over time, but there
is no dynamic (lagged) response in demand to a sudden change in price. Thus
adjustments (while possibly non-stationary) were assumed to occur instantaneously.
There are two basic approaches that can be used to introduce dynamic adjust-
ments into the translog utility function. The first approach involves specifying
the translog approximation to the utility function (direct or indirect) to
include lagged quantities, prices, or shares. The advantage of this approach
is that "adding up" is always preserved in the resulting share equations without
the introduction of additional parameter constraints. The disadvantage is that
the translog approximation makes the dynamic specification somewhat arbitrary.
As an example of this approach, we could write the indirect translog
utility function as:
log V = 0 + E'1log(Pi/M) + Z log(P i/M)lg(P J/M)
(23)
+ Edilog (Pi/M)Di, t-l
i i g(i/ ~
where Di t 1 is a lagged term in price, quantity, or share that is considered
18
an exogenous input to the determination of current share. Logical choices for
1 8We are assuming that consumers determine their budget shares via static
utility maximization, i.e. they maximize utility at each instant of time
ignoring the future, rather than maximizing the sum over time of discounted
utilities. The Di t 1 (together with current prices and income) simply
represent the current state of the world. As shown by Hoel [28], even in
a static model dynamic utility maximization can result in a different
marginal utility of income.
15
it i't-19 Applying Roy's identityDi t-1 would be the quantity Xi t 1 or the share Si t 19 p l.igRysiett2
to equation (23) yields the share equations:
Si = ad + d D t-l + Ea1 ilog(P /M)
j M + EdiDit-1l + M ilog(Pi/M) ,j,..., (24)
where aM and OMi are defined as before. Note that unless all of the di are zero,
the homothetic form of equation (24) - for which the ai are zero - is
nonlinear in the parameters. As a result, estimation of (24) can be costly,
even under the assumption of homotheticity. The shares in (24) will always
add to one, however, even if lagged shares are used as the D tl' and -
assuming that the errors are not serially correlated - the parameter estimates
will be invariant to the choice of share that is dropped.
A second approach that can be used is to introduce the dynamic adjustment
directly into the share equations. This has the advantage of facilitating the
use of simple and intuitively pleasing adjustment mechanisms. It has the
disadvantage that "adding up" will not be preserved unless additional (and
possibly highly restrictive) parameter restrictions are introduced.
We consider two examples of this approach. In the first, each quantity
is assumed to adjust to a desired level:
Xi t = Xit1 + 6i(X-Xi t_ 1) (25)
where X is the desired quantity of commodity i as determined from statici,t
utility maximization, and 6i is an adjustment parameter. This yields the share
equations P t/M(
S S J + (1- ) [j t (26)Sj Jil Jil=-1jPj/tj,t-1 t-l/t
1 9The form of equation (23) using lagged quantity Xi t1 was suggested by
Manser [44,45], who applied it to the estimation oftfood demand.




or, using the indirect translog function for St
ci
S i i.ii + (1-6j)Sj t 1 ] (27)J =t a + Ea Ilog(P1 /M) + J t'l[Pj,t-l/Mt-
M + iMi
The parameters of the share equations (27) are estimated subject to the
constraints Ea A S are the same in each equation, and
* k k- /6_ 1.
Note that the shares St need not add to one. Adding up can be imposed
by estimating only n-I of the share equations, and determining the parameters
th
of the nth equation from ESt = 1, but the estimated parameters will dependIt
on the particular equation that is not estimated. Despite this deficiency,
however, the specification of equation (27) permits the introduction of dynamic
adjustments in a simple and appealing manner.
Alternatively, we can assume that the shares adjust to the desired shares
as follows:2 1
S 5 + ~~~~~~~~~~~~~~~~(28)Si,t Si,t- + ij(t-sjt-l) (28)
Adding up requires that the sum of all changes in shares be zero:
i (Si ,t) = (29)i it- si,t-z) ='
so that
iij (S jt t- 1 ) = ,t Cip- t-630 0
Since the t and Sj ,t-l1 sum to one, this equation implies the necessary
condition that all of the columns of the matrix (ij sum to the same arbitrary
constant, i.e.
~~~.·
21This approach was suggested by Leonard Waverman in the context of dynamic
adjustments in the translog production function.
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i' 6= c' (31)
where is a vector of l's (ones), 6 is the matrix (6t), and c is an arbitrary
22
constant.2 2 Note that if the number of shares is greater than two, there are
alternative constraints on the ij that can be imposed to satisfy (31). Note
ij
also that (31) implies that 6 cannot be diagonal unless the adjustment
coefficients for every share are the same, so that the adjustment of the
thit h commodity share would generally not depend only on that share, but would
depend on other shares as well.
2.3 Multinominal Logit Models for Fuel Choice
Multinominal logit models have already been used to study the breakdown
of energy consumption into demands for fuels in the United States23 and
24
Canada.2 4 Although the logit model is not based on assumptions of utility
maximization, it has properties that make it appealing for this work. The
model is consistent in terms of shares adding to one, and shares respond
to price changes in a way that is intuitively appealing; as the share of,
say, natural gas becomes small, it requires increasingly large price changes to
make it still smaller. Finally the logit model is easy to estimate and permits
us to easily introduce a variety of alternative dynamic specifications.
22For a discussion of adding up conditions for more general lag structures,
see Wall [65] and Berndt and Savin [9 ].
23See Baughman and Joskow [6 ]
2 4See Fuss and Waverman [68].
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We can write the logit model for the four fuel breakdown (oil, gas,
25
coal and electricity) as follows:2 5
Qi = efi(Xa) (32)
QT eQe4fi(Xo)T' efx )
where Qi is the quantity (in tcals) of fuel i, QT EQi, and the fi are
functions of a vector of attributes X and vector of parameters . Given this
model, the relative shares of any two fuels can be represented as
log(Qi/Q) = log(Si/S) = fi(x) - f((33)).
Note that only three equations are estimated, since the parameters of
the fourth equation are determined from the adding up constraint.
In estimating fuel shares we include as attributes the relative price
of each fuel. The relative oil price, for example, is the ratio of the real
price of oil to the real price of energy, the latter being measured by the
translog price aggregator described earlier. Other attributes may include
per capita income, average temperature, and lagged quantity variables that
allow shares to adjust dynamically to changes in price. Functional forms
for the fi are somewhat arbitrary, but in the simplest model they might be
2 5In effect we are assuming that consumer preferences are represented by a choice
index which for the ith fuel, has the form fi(x)+ei(x), where i is an error
term. Then the probability that a consumer would choose fuel i is
Pi = Prob[fi(xo)+ i(x) > fj(x)+ cj(x)] for i # J.
If the error terms (x) are independently and identically distributed with
the Weibull distribution
-e
Prob[ei(x) < ]= e
then the probability that fuel 1I will be chosen is given by equation (32). For
f!lrthier t1srcusNLon see MFa(Iddeti ( 1 .CtC And MCFilddn 1191, (COx 161.
Theil [61, and Chapter 8 of Pindyck and Rubinfeld []. For an interesting
application to aggregate demand analysis, see Park [51].
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linear functions of the relative.fuel prices P = Pi/PE' where PE is the
aggregate price of energy, as well as income Y and temperature T:
fi(xB) = ai + biP + CiY + diT (34)
This yields the three estimating equations
log (S /S) (ai-a4) + biPi - bP 4 + (c-c)Y + (dd)T, i=1,2,3 (35)i 4 i 4 i i 4  g 4 i 4)
Note that these three equations must be estimated simultaneously, with b4
constrained to be the same in each equation. The simplest means by which
the preference functions can be made dynamic (e.g. to account for habit
formation or stock adjustments) is to include the lagged share:
fi(xB) = a + biPi + ciSit 1.(36)
The three estimating equations are then
log(S /S) = (ai-a4)+ biPi -bp + c i j 1 -bt, i=1,2,3. (37)
Note that two lagged shares appear in each equation. The three equations
must again be estimated simultaneously, with both b4 and c4 constrained to
be the same in each equation.
In Canada and the United States very little coal is used in the
residential sector, and coal shares are generally less than one percent.
In these countries, the residential fuel choice is effectively between
three fuels, and we therefore use a three-fuel breakdown for Canada and
the U.S., and a four-fuel breakdown elsewhere.
2.4 Other Models of Residential Energy Demand
When working with pooled cross-section time series data it is often
difficult to separately identify short-term and long-term effects, and
determine the relative contributions to each from the cross-section versus
time series variation in the data. This can be particularly true in the case
20
of the translog function, where nonlinear estimation is involved. It may
therefore be useful to also estimate simple log-log demand equations for
expenditures on each consumption category and each fuel. Houthakker in his
1965 study [3i] separated short-run and long-run elasticities by running
separate regressions across countries and across time. It will be useful to
repeat Houthakker's study for our own consumption date, and also apply the
26approach to the estimation of fuel demands. In addition, we will specify a
dynamic version of Houthakker's basic model that should enable us to isolate
the cross-section versus time series contributions to lag adjustments in demand.
The basic demand equation for commodity i is
log qijt = ai + log Yjt + Yilog Pi + t + iJt (38)
where j is the country index and t the time index, q is per capita expenditure
on commodity i at constant prices, y is total consumer expenditure at
constant prices per capita, and Pi is the relative price of commodity i.
These equations can initially be estimated using simple weighted least
squares, e.g. dividing each observation by the population of the country
in the year concerned.
Short-run and long-run effects can be identified by estimating "within
country" and "between country" regressions. The "within country" (short-run)
regression is
2 6Houthakker's consumption breakdown had only five categories: food, cloth-
ing, rent, durables, and "other." We use our own consumption breakdown for
which energy is a separate category. Goldberger and Gamaletsos [3] also
reestimated Houthakker's log-log demand functions, but using pre- 1961 data
and the same categories that Houthakker used. What is more interesting is
their estimation of a linear expenditure system using the same data, and
the comparison of the two demand systems. The approach was also used by
Gregory and Griffen [21] to identify international differences and inter-
temporal change in industry structure.
21
log - log j = (log Yjt - log yj) + i(1og PiJt - log Pij) (39)
and the "between country" (long-run) regression is
log qij = ilog Yj + Y 1 °og Pi + i (40)
Here the bar represents averaging over time. Note that the "within country"
regression is pooled, while the "between country" is purely cross sectional,
and that deviations from means (over time) are used in the "within country"
regressions in order to eliminate long-run effects. Equation (39) can also
be run for each country separately, in order to determine how elasticities vary
across countries. Alternatively, a pooled regression can be performed, with a
multiplicative district dummy variable introduced to one coefficient at a time, e.g.:
log q it - log q = 10ijDj(log Yjt - log yj) + Yi(log Pijt - log Pij (41)
Equations (39) and (40) can also be estimated in first-differenced form.
This crudely reduces trend effects, and also eliminates problems associated
with the arbitrary choice of purchasing power parities. The "within country"
version is:
.~~~~~~~.
Alog qi - Alog q = ( log Yjt - Alog yj) + i(Alog Pijt - Alog ij) (42)
and the "between country" version is:
Alog qij = 8iAlog Y + YiAlog PiJ (43)
We can also specify a dynamic version of (39). We assume that demand
qit depends not only on price and income in period t, but also on a "state
variable" it:
log qit = ai + blog y + cl°g Pit+ dil°g sit (44)
If the demand is for durables, then sit will represent a stock, and di should
be negative. If the demand is for a non-durable commodity, then sit will
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represent a "habit" level, and di should be positive. The dynamics of sit can
be expressed as
Alog sit = log qit wil°g Si,t- (45)
where wi is effectively a depreciation rate. To obtain the demand equation
rewrite equation (44) as
1
sit = d-[log q ai bilog y clog it (46)
which can be substituted into equation (45):
wi
Alog sit og qit di [log qi,t-1 ai - bil°g Yt1 - c log ] (47)
Now first-difference equation (46):
Alog it =d [Alog qit - biAl°g yt - ciAlog Pi1 (48)
Substituting this into (47) and rewriting, we have the estimating equation
log q = + 11 g, 1 + o 2 Alog y + a31g Yt - Al g + a g (49)it 0 1_1 '2 3lo ~t-1 4Alo t c 5lo ~it-1'
This equation can also be estimated within countries and between countries.
If this results in differences in the estimated value of a, it would indicate
that adjustment response is not constant over time.
3. Methodological Issues in the Estimation of Residential Demand Models
There are a number of problems that make estimation of the models described
in the previous section less than straightforward. This is due in part to the
fact that pooled international data are being used to obtain estimates, and in
part to the nature of the models themselves. First, the comparison of expenditures
or prices in different countries requires valuing different currencies in terms
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of a common unit. Although using purchasing power parities for this purpose is
probably more desirable than using official exchange rates, the choice of a
particular index is not always clear. Second, a choice must be made whether
to value energy quantities in gross or net terms, i.e. whether to adjust for
thermal efficiencies of different fuels. Next, an energy price index must be
obtained that accounts for fuel choice differences across countries. Finally,
there are a number of econometric issues associated with the estimation of our
models. We examine these problems in this section.
3.1 Use of Purchasing Power Parities
Since all of the price and expenditure data for each country in our sample
aremeasured in terms of the local currency of that country, a method is needed
to convert these numbers into common units. One method which has been used by
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a number of researchers is to simply use official exchange rates.27 This can
be misleading, however, since official rates can differ considerably from
equilibrium exchange rates, and tariffs, quotas, subsidies, and other controls
can result in price structures that differ considerably from relative international
prices. Alternatively, one could attempt to identify "free market" exchange
rates between individual countries over time periods thought to reflect
equilibrium conditions, e.g. during which trade balances were near zero. Even
under free trade, however, equilibrium exchange rates only reflect the price
equalization of internationally traded goods, which for most countries repre-
2 7This approach has been used by Adams and Griffen [1 ], and Goldberger and
Gamaletsos [23].
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28sent a small subset of all market goods.
A better approach is to use purchasing power parities (PPP's) to convert
national currencies to some base currency. Purchasing power parities can be
obtained explicitly by making binary comparisons between a base country (e.g.
29the U.S.) and various other countries, using a fixed set of quantity weights. 9
The problem, of course, is that two sets of price index numbers (Laspeyre and
Paasche) can be obtained depending on whether base country or other country
weights are used. In this work we use a Fisher "ideal" index (a geometric mean
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of these two index numbers) as a single index of relative purchasing power.
We use purchasing power parities by consumption category calculated by the
German Statistical Office (Statistiches Bundesamt [59]) by means of detailed price
31
comparisons. These are binary index numbers with Germany the base country,
and we use Germany as a "bridge" to convert to the U.S. as base country.3 2
2 8As Chenery and Syrquin [12] point out, the relative prices of non-traded
goods can be expected to increase with real per capita income, so that the
use of official (or "free market") exchange rates leads to an underestimate
of the purchasing power of the currencies of lower income countries.
2 9Purchasing power parities can also be obtained implicitly by dividing a
nominal national currency estimate of national product (or one of its com-
ponents) by a base currency estimate of the same national product. This
procedure was used recently by Lluch and Powell []. For a general dis-
cussion of explicit purchasing power parities, see Balassa [ ] and Allen [3 ].
3 0The use of a Fisher "ideal" index is suggested on theoretical grounds by
Samuelson [68] and on empirical grounds by Kloek and Theil [36].
3 1Binary purchasing power parities were more recently calculated by Kravis
et al. [39], but for only a subset of the countries in our sample.
3 2Note that although binary PPP's permit us to make a transitive international
ordering of purchasing powers, this ordering is not invariant with respect to
the choice of "bridge" country. Kravis et. al. [39] also calculated multi-
lateral PPP's by means of a regression model that estimates the purchasing
power parity for a single category of expenditure as a function of all other
international price ratios. Again, some of the countries in our sample are
not included in the Kravis study.
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The resulting parities apply to a base year, but we must construct intertemporal
indices to deflate our time series. We do this using implicit price indices for
each consumption category in each country, thus constructing an implicit ratio
of relative intertemporal purchasing power in terms of a base year numeraire
(normalized so that 1970 is our base year). The resulting base year purchasing
33
power parities for each consumption category are shown in Table 1.
3.2 "Gross" versus "Net" Energy Consumption
As pointed out by Adams and Miovic [2], alternative fuels are not equiva-
lent on a calorific basis as a result of the differing thermal efficiencies of
energy consuming equipment. Since more efficient fuels are substituted for
less efficient fuels over time, the measurement of an overall "energy elasticity"
(i.e. the percent change in energy use associated with a 1 percent change in GNP)
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will yield a larger number if thermal efficiencies are taken into account.3
This has led some individuals to suggest the use of "net" energy consumption
(adjusted for thermal efficiencies) rather than gross energy consumption in the
estimation of demand models. In recent studies of energy demand, for example,
Nordhaus ['8, Adams and Griffen [£ ], and Fuss and Waverman [68], made the
assumption that within each sector fuels are perfect substitutes, so that
(given equal levels of non-fuel cost) interfuel competition is determined by
relative net prices of fuels. Net consumption and net price are given by
3 3For those countries also covered by Kravis et. al., our numbers are at all
times within 10 percent of the 1970 Kravis numbers.
3 4Adams and Miovic estimate an overall energy elasticity for the U.S. and
several European countries of about 0.8 when gross energy quantities are
used, and about 1.0 when energy quantities are adjusted for thermal
efficiencies.
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Table 1 - Base Year (1970) Purchasing Power Parities
For Belgium, Canada, Netherlands, and Norway, no "durables" PPP
exists. A PPP for "other household" was used in going from these
countries to Germany, and the "durables" PPP was used in bridging
from Germany to the U.S.
**
For Belgium and the Netherlands, the PPP relative to Germany refers




Country Consumption Apparel Food Durables Energy T and OtheronsumptionComnctn
Communication
~~- . - .
Belgium 42.05 36.37 46.73 32.40 45.30 42.48 27.91
, ~ ~~~~ ~ ~~~~~ ~ ~ ~ ~ ~~~~~~~~~~~~~~~~~~~~~~~~~~ .. . , . , 
Canad .866 .828 1.022 .792 .689 .818 .576
France 4.82 4.26 5.78 4.00 5.16 5.76 3.13
Italy 467.2 364.5 606.5 400.0 473.3 523.1 343.7
m m,.i ., . , i I . .
Netherlands 2.59 2.21 2.94 2.14 1.47 3.01 2.17
i i i m . , . L~~. 
Norway 5.90 4.77 7.77 4.06 2.60 5.65 4.06
. , . i i . ,.
.K. .282 .208 .314 .235 .280 .281 .220
U.S.A. 1.0 1.0 1.0 1.0 1.0 1.0 1.0
est Germany 3.13 2.26 3.76 2.84 2.84 3.40 2.44
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QNi i flJQi (50)
qij = j iJij
and PN P (51)
Pij = ij/ij
where nij is the efficiency of fuel i in sector J.
We see two problems with this approach. First, it is difficult to
obtain reliable estimates of thermal efficiencies. Identification problems
make econometric estimates infeasible unless unduly restrictive structural
assumptions are imposed, and engineering estimates differ considerably from
35
source to source.35 As an example of this problem, we show in Table 2
engineering estimates of thermal efficiencies cited or used in four different
studies. Note that these estimates differ considerably from study to study.
A second and more fundamental problem is that fuels are not perfect
substitutes (particularly in the short run), and there are non-thermal
efficiencies (which we could label "economic") that also affect consumer
demand. Fuel choice is also based on convenience, controllability, cleanliness,
capital costs, etc., and the effects of these "efficiencies" (as well as thermal
ones) will hopefully be manifested in the estimated parameters of our demand
3 5Adams and Miovic [ ] attempted to measure thermal efficiences by assuming
that fuel inputs are a constant proportion of aggregate economic output,
and that there is no substitution between fuel inputs and labor and capital.
Their production function was thus
Y = min(aF, f(L,K))
where fuel input F is given by F = EnihiFi, where h is the calorific content
of fuel i (Fi). Since the hi's are known, they can estimate the n s up to a
scalar multiple. The assumptions are extremely restrictive, however, and
their results differ considerably from engineering estimates that they
cite. For an engineering discussion of thermal efficiencies, as well as
a set of estimates, see Hottel and Howard [29].
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Table 2 - Alternative Engineering Estimates of Thermal Efficiencies
models. It thus does not seem particularly relevant to measure fuel consump-
tion in efficiency-adjusted thermal units, any more than it would be to
measure food consumption in net calorific terms.3 6
We therefore choose to measure all of our energy quantities in "gross"
rather than "et" terms. We assume that both thermal and non-thermal efficiencies
have effects on interfuel competition, and that these effects will be picked
up in the way that estimated fuel expenditure shares change as relative prices
and income change.
3.3 A Price Index for Energy
Estimation of our consumption breakdown models requires a price index
for energy, and since price series for individual fuels are available, it
would be preferable to use this data rather than an implicit index constructed
from nominal and real energy expenditure series. Since fuels are not perfect
3 6This is discussed further by Turvey and Nobay [6q].
Citation or
Use of Estimate Adams and Miovic Adams and Griffen Nordhaus Fuss and WavermanUse of Estimatel 
Residen- Indus- Residen- Indus- Residen- Indus- Residen- Indus-Fuel
~ue~ tial trial tial trial tial trial tial trial
Gas .65-.72 .39 .60 .65 .70 .85 .75 .85
Solid .05-.60 .33 .50 .45 .20 .70 .50 .87
Liquid .65 .40 .65 .59 .60 .80 .65 .87
Electricity .80 .80 -- .80 .95 .99 1.00 1.00
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substitutes, however, a price index that truly reflects the unit cost of
energy will not equal a simple weighted average of fuel prices. A typical
37
approach is to construct an approximate Divisia index as a means of aggregation.
An alternative approach is to specify (and estimate) an aggregator function that
relates the aggregate price index to the component prices. Any unit cost function
could be used to represent the aggregate price of energy, but a logical choice is
38
the translog cost function. As an incidental advantage, the translog cost function
(or "aggregator") provides us with an instrumental variable for estimation purposes.
The translog cost function (which is equivalent to a homothetic and stationary
indirect utility function with unit total expenditure) is given by
log E = + YilogP + Y logP logP. (5
Assuming cost-minimizing behavior, the fuel share equations are then
Si = Yi+ YijlogPj , i=l,...,n (5
The first (n - 1) share equations are
Zyi= 1 Yi = Yji and Yij = 0. The
substituted in equation (52) to yield
Note that the energy price index
scalar multiple YO. The procedure is
base country, and then solve equation
estimated subject to the restrictions
estimated parameters Yi and Yij are then
A
the estimated price index PE
A
PE is determined only up to an unknown
E
to pick one country (say the U.S.) as a
(52) for yo so that the price of energy
37See Jorgenson and Griliches [36] and Hulten [].
38This is appealing as an unrestrictive representation of unit cost. Also, as
Diewert [8 ] has shown, the Divisia index is "exact" for the translog aggre-
gator function, i.e. it retrieves the actual values of the function.
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in the base country is equal to 1 in some base year (say 1970). Relative price
indices are thereby determined for all of the other countries.
A problem remains regarding the number of fuels to be included in equations
(52) and (53). Although four fuels are included in our demand model, very little
coal is consumed in the residential sectors of the U.S. and Canada. This suggests
that equations (52) and (53) should apply to a three-fuel aggregation (oil, gas,
and electricity) for the U.S. and Canada, and a four-fuel aggregation for the
remaining countries. Should this approach be used--as opposed to a four-fuel
aggregation for all countries--a method is needed to "bridge" the U.S.-Canadian
aggregator with the aggregator for the remaining countries. We use the follow-
ing bridging method:
(1) Equation (53) is estimated for four fuels for all countries except
the U. S. and Canada. The unidentified parameter y0 in equation (52)
is chosen so that the price of energy is 1 in Belgium in 1970. This
permits the calculation of the price of energy for all countries
except the U. S. and Canada relative to Belgium in 1970.
(2) Equation (53) is estimated for three fuels (leaving out coal) for
all countries. The parameter in equation (52) is chosen so that
the price of energy is equal to 1 in the U. S. in 1970. The relative
price of energy in Belgium in 1970 to that in the U. S. in 1970 is
then computed.
(3) Equation (53) is estimated for three fuels for the U. S. and Canada
only. yO is chosen so that the price of energy is 1 in the U.S. in
1970. Now using the Belgium-to-U.S. conversion ratio determined in
step (2), the price indices calculated in step (1) are converted to
a U. S. 1970 base.
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We said before that it is not clear whether a bridging approach such as
that described above or a simple four-fuel aggregation should be used to
construct the energy price index. We therefore estimate energy price indices
using both methods. If the resulting indices are nearly the same, this would
indicate that the relative size of the coal shares in the U. S. and Canada do
not distort the fit of a fuel choice model that includes four fuels for all
countries; this would indicate that coal should be included for all countries
in the fuel demand models. If the results are significantly different, then
coal should not be included in the U. S. and Canada demand models, and the
bridging method should be used to calculate the energy price index.
3.4 Identifying Inter-Country Differences in Elasticities
One of our objectives in estimating energy demand models is to determine the
extent to which elasticities vary across countries, and the possible reasons for
such variation. To identify regional variations in elasticities,'we must
specify alternative ways of allowing for regional parameter variation when
our models are estimated with pooled data.
At the one extreme, we might assume that the parameters of our models
are the same for all countries. Estimating the translog share equations (2)
by simply pooling all of the data would restrict the parameters aj, 8ji, and
8t, to be the same in each country. The resulting elasticities could stillit,
vary across countries since relative prices and total expenditures are
different in different countries, but such variation would be slight. At
the other extreme we could estimate our models for each country separately;
in the translog case the a's, and jt's could be different for everyin~ ~~ ~~ th trn gcsetea',i sI
country. While this specification is least restrictive, it is likely to be
infeasible due to insufficient data.
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There are two compromise approaches that could be followed. One is to
estimate models by pooling subsets of countries, so that parameters can
differ across subsets but are the same within each subset. This might involve,
for example, pooling the U. S. and Canada, pooling France, U.K., Italy and
Germany, and pooling the Netherlands, Belgium and Norway. Re-estimation using
alternative groupings could then be used to determine the validity of constrain-
ing parameters to be the same across countries in a subset.
A second approach is to pool all of the countries, but to introduce
regional dummy variables that would allow a subset of a model's parameters to
vary across countries. In the translog case, we might assume that the
coefficients a of the first-order terms in the Taylor series approximation
can vary across countries, while the coefficients ji and jt are the same
for each country. This would involve estimating the following share equations:
Ea D + ilog(Pi/M) +Sj .t
Si = +- o , j = 1,..., (n - 1) (54)
k MkD + Zi &log(Pi/M) + · Mtt
where D are country dummy variables (Dk =1 for country k, and 0 otherwise).kk
Note that the usual restrictions on the ji and jt apply, but
k = ajk = -1 for each country k.j Jk
Alternatively we might assume that the coefficients Bji of the second-
order terms can vary across countries, while the a s and Bjt's are the same
for each country. The share equations are then
aj +U .ikDklog(Pi/M) + jt.t
ki J n 1 (55)
= , j = 1,..., (n - 1)j a + Sik D log(Pi/M) + Mtt
ki Mk k m)t+
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Note that the restrictions on the jik 's are now that jik ijk for each
country k, and aMik is the same in each share equation for every country k.
Finally, note that variables whose variation is largely regional (as
opposed to time-wise) can be introduced in additional to the regional dummy
variables. In the translog case, for example, we might assume that a is a
function of temperature T (which has both regional and time-wise variation),
aj = a + bT (56)
with a varying across countries, so that the share equations are
Ea=kDk + bT + Eajilog(Pi/M)+ jttS. k kk i i(57)
ZaMkDk + EbT + Ealog(P/M) + 8Mt
k i i
with aMk = aik = -1 for each country k.
We will estimate demand models by pooling data for alternative subsets
of country, and by using regional dummy variables as described above. Hope-
fully this would enable us to identify sources of inter-country elasticity
variation.
3.5 Estimation Methods
The choice of estimation methods involves a trade-off between the richness
of the stochastic specification (and hopefully a resulting gain in efficiency) and
computational expense. This trade-off is particularly severe given that all
of our models involve systems of equations (even though for some models, e.g.
the log-log models, the systems are not consistent, i.e. "adding up" does not
hold). Ideally one would like to estimate a stochastic specification for which
the error terms are heteroscedastic and autocorrelated both across time and
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across countries within each equation, and are correlated across equations in
the system. Estimating such a specification (which amounts to full generalized
least squares), however, would be unreasonably costly even if the individual
equations were linear in the parameters. If individual equations are nonlinear in
the parameters (as is the case with our non-homothetic translog model), the
estimation might be computationally impossible. We must therefore settle for a
more restrictive specification that would hopefully capture the more important
characteristics of the error terms.
When estimating translog models (which can be nonlinear in the parameters
and/or have cross-equation parameter constraints that are nonlinear), we ignore
error term heteroscedasticity and autocorrelation within equations, and account
39only for error correlations across equations. 9 In particular, we use iterative
nonlinear Zellner estimation, which (under the assumption of no heteroscedasticity
or autocorrelation within equations) is equivalent to full-information maximum-
likelihood estimation.4 0 However we limit the number of iterations on the error
covariance matrix to five; this reduces computational expense while still captur-
ing at least 90% of the added efficiency that results from accounting for cross-
equation error correlations.
Our logit models and logarithmic models are all linear in the parameters,
and therefore our stochastic specification can be somewhat richer here. When
3 9Accounting for within-equation heteroscedasticity and autocorrelation is
certainly possible even if the equation is nonlinear in the parameters.
One might use an algorithm that repeatedly linearized each equation and
iteratively computed an error covariance matrix and estimated the linear
equation for each linearization (see, for example, Eisner and Pindyck []).
There is no guarantee, however, that final convergence would ever occur,
and if it did the process would be extremely expensive.
4 0See Zellner [67] and Gallant [22]. Oberhofer and Kmenta [49] prove that
iterative Zellner estimation (iterating to convergence on the cross-
equation error covariances) is equivalent to full-information maximum
likelihood.
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estimating the equations of these models, we also account for within-equation
heteroscedasticity. This is done using the following procedure. First each
equation in the system is estimated using ordinary least squares. The resulting
regression residuals, which we can label ukt, are then used to obtain consistent
2
estimates of the regional (country) error variances aok:
.2 = IT (kt) (58)
T-m-t
where T is the number of annual observations for country k and m is the
number of independent variables in the equation. Different estimates of the
ak s will of course be obtained for each equation in the system. We then
transform the data by dividing each observation by the appropriate estimated
error term standard deviation e, and then re-estimate the entire system ofk'
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equations using iterative Zellner estimation.4 1
All of our estimation work has been carried out at the Computer Research
Center of the National Bureau of Economic Research, using the GREMLIN experi-
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mental nonlinear estimation package on the TROLL econometric software system.4 2
This package permits one to perform iterative nonlinear Zellner estimation
conveniently and with reasonable computational expense.
4 MacAvoy and Pindyck [j~] used a similar approach to single-equation
estimation that also accounted for time-wise autocorrelation.
4 2For details on the estimation algorithm and its use, see Belsley [ ].
For a discussion of alternative nonlinear estimation algorithms, see
Berndt,-Hall, Hall, and Hausman [8 ], Chow [3], and Gallant [22].
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4. Characteristics of the Data
Unfortunately much of the data for this study could not be obtained from
standard sources such as the OECD or the U.N. Statistical Office. In some
cases the needed data (such as retail fuel prices) are not collected by
these sources, and in other cases the data have been collected, but have
been aggregated or categorized in ways limiting their usefulness for this
study. As a result it was often necessary or desirable to go to the national
statistical yearbooks of individual countries to obtain data.
Nine countries are included in our sample: Belgium, Canada, France,
Italy, the Netherlands, Norway, U.K., U.S., and West Germany. The data
collected for these countries are described briefly below.4 3
Consumption Expenditures. These are broken down into six
categories: food (including alcohol and tobacco), clothing,
durable goods, transportation and communication, energy, and
"other". This last category includes housing expenditures
(actual and imputed rental payments), expenditures on health
services, and any other consumption expenditures. Data were
obtained from the OECD's National Accounts, the national accounts
publications of the EEC Statistical Office, the U.N. Yearbook of
National Accounts, and national statistical yearbooks. The data
are measured in current local currency units.
,,,
4 3The data used here are part of a larger international energy data base assembled
for use in this and several related studies. For a more detailed description
of that data base, see [66 ]. Other researchers wishing to replicate or extend
this study, or perform studies of their own, can access the data directly through
the TROLL computer system of the NBER.
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Price Indices for Consumption Expenditures. A retail price
index (1970=100) was collected for each of the categories of
consumption expenditures listed above. Although for some countries
retail price indices were available directly, we constructed
implicit price indices for all countries from consumption ex-
penditure series in current and constant monetary units. Although
price indices for energy are available, we use the energy price
aggregator function described earlier in estimating our consumption
breakdown model.4 4 Data were obtained from the OECD's National
Accounts, and the national statistical yearbooks of individual
countries.
Fuel Expenditures. Data were collected for total residential
consumption expenditures on petroleum products (largely light
fuel oil), natural gas, coal, and electricity. These data were
generally obtained from the Statistical Office of the EEC's
Energy Statistics and national accounts publications, or from
national statistical yearbooks. In a few cases figures were
obtained by multiplying the retail price of the fuel by the
physical quantity of the fuel consumed; physical quantity data
were obtained from the OECD's Energy Statistics tape. The data
are measured in current local currency units.
Fuel Prices. For each fuel, the data are countrywide averages of
the average retail price. In the cases of natural gas and
4 The energy price aggregator requires data on fuel prices. For some countries
our data on fuel prices does not go back as far as our consumption expenditure
data. In these cases the estimated energy price aggregator was regressed
against the implicit energy price index, so that data for the index, could be used
to extend the aggregator backwards.
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electricity, for countries with tariffs the price level chosen
was the average price facing an average size household.4 5 When
the price of natural gas differs from that of manufactured gas,
an average of the prices weighted by the relative amounts
consumed was calculated. Data were obtained from the Statistical
Office of the EEC's Energy Statistics and Studien und Erhabungen,
and from national statistical yearbooks of individual countries.
All prices are measured in local currency units per tcal, but
have been converted to 1970 U.S. dollars per tcal for estimation
purposes.
Fuel Quantities. Some of our models use physical quantity data
for fuels. All quantities are implicitly derived from data on
fuel expenditures and fuel prices. Units are tcals.
Other Variables. Data were also collected for net disposable income,
population, and temperature. The income data represent total
net disposable income of all households, although for some countries
only total private income data (personal income plus income going
to non-profit institutions) were available. Income data were
obtained from the OECD's National Accounts and the U.N.'s Yearbook
of National Accounts, and have been converted to 1970 U.S. dollars.
Data for the total population of each country came from the U.N.
Demographic Yearbook, and are measured in millions of people.
4 5Some researchers, e.g. Halvorsen [2], have used the marginal price of
electricity as a measure of price. The marginal price alone is inappropriate,
however, as has been demonstrated by Taylor [61]. The correct procedure is
to use the average price at a normalized and constant rate of consumption,
or to incorporate both average and marginal prices. We use only the average
price, since that is the only data that is available.
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Finally, our temperature data represent the average temperature
over the five winter months (November - March) averaged over
the principle city or cities of each country. The source is the
U.S. Weather Bureau's Monthly Climatic Data for the World, and
the units of measurement are degrees Fahrenheit.
In some cases data for one or two variables was not available over as long
a time period as was the case for the other variables used in the models. For
example, for Italy the price of electricity was available only for 1963 to 1973,
while other fuel prices and all fuel expenditures were available beginning
in 1960. In constructing our fuel choice model, more efficient parameter estimates
can be obtained by constructing an instrumental variable for the Italian price
of electricity and using that to extend the price series back to 1960, rather
than dropping the first three years of data for all of the other variables.4
Instrumetnal variables were used in this way to fill in missing data points
in a number of instances. In Table 3 we show the time bounds for all of the
data described above; years in parentheses represent data points constructed
via instrumental variables. Note that these time bounds do not represent
those used in model estimation. Because of the need for overlapping bounds,
only a subset of this data can be used for estimation work.
4 6Letting PE1 represent the price of electricity in Italy, this variableI
was regressed against a set of variables Z1 ... Zn that would include the
prices of electricity in other countries and the prices of other fuels in
Italy. This regression is used to generate values of PE , for 1960-1962.
In using this data to perform the final regressions for uel shares, effi-
cient estimates are obtained if weighted least squares is used. If 1 is
the coefficient of PEI, is the error term for the fuel share equation,
and is the error term for the instrumental variable regression used to
construct kI, the error term in the final regression will be (v + £)
for 1960-62 and after 1962. The resulting gain in efficiency is prob-
ably small, however, so we do not use weighted least squares. We thus
obtain consistent, but slightly inefficient, parameter estimates. For
a general discussion of approaches to the problem of missing data, see



























































































































































































































































































































































































































































































































































































































Our basic translog models requre consumption expenditure shares and
prices. It is useful to examine some of the share and price data before
turning to the estimation results. Data for 1962 and 1970 are shown in
Table 4. Note that the energy price index is not shown, since we compute a
price aggregator from the fuel prices.
5. Statistical Results
In this section we present the results of the estimation of the models set
forth in Section 2. We begin with the estimation of the translog energy price
aggregator, and present relative energy price indices for our nine countries.
Next we present estimation results - and the implied demand elasticities - for
the static and dynamic translog models. Finally, we describe the results of
estimating the logit and log-log models.
5.1 The Price of Energy
A price index for energy was obtained using two methods. First, a translog
aggregator was estimated assuming a choice among four fuels in all nine countries.
The estimated parameters for this aggregator are shown in column 1 of Table 5
(standard errors are in parentheses). Fuels are indexed in the order (1) elec-
tricity, (2) oil, (3) gas, (4) coal. Note that the parameter Yo is determined
so that the price of energy is 1.0 in the U.S. in 1970.
Second, the "bridging" method described in Section 3.3 was used. This involves
first estimating a four-fuel aggregator for all countries exeept the U.S. and
Canada; here Yo is chosen so that the price of energy is 1.0 in Belgium in 1970.
The estimated parameters are shown in column 2 of Table 5. Next a three-fuel
aggregator (leaving out coal) is estimated for all nine countries in order to
find the price of eergy in Belgium in 1970 relative to that in the U.S. in 1970.
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This relative price was found to be 1.5239 (parameter estimates are shown in
column 3). Finally a three-fuel aggregator was estimated for the U.S. and
Canada (see column 4). Now using the Belgium-to-U.S. conversion price, the
price indices can be converted to a U.S. 1970 base.
The two price indices are shown for all nine countries in Table 6. Note
that for all countries these two indices are quite close to each other, indicating
that the relative size of coal shares in the U.S. and Canada do not distort
the fit of a four-fuel aggregator (and thus a four-way choice model) that
is estimated over all nine countries. We therefore use the four-fuel price
index in estimating our consumption breakdown models.
5.2 Static Translog Models
We begin with the breakdown of consumption expenditures. Eight models
were estimated, and the results are shown in Tables 7a and 7b. All of these
models are homothetic; the computational expense of estimating a non-homothetic
translog system with six categories of expenditures proved to be inordinate.
In the first four models all of the parameters are assumed to be the same
for every country. Model (1) allows for time-varying preferences, so that the
only restriction imposed is that of homotheticity. Model (2) imposes the
additional restriction of stationarity. A likelihood ratio test was performed
for this restriction, and the test statistic is 112.3. This is well above the
critical 5% level of 11.07 (5 degrees of freedom), so that the hypothesis of
stationarity cannot be accepted, conditional on model (1). Model (3) imposes
the restriction of explicit groupwise seperability between energy (category 5)
and the other categories of consumption. The test statistic for this model
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Consumption categories are: 1Consumption categories are: 1 - Apparel, 2 - Durables, 3 - Food, 4 Transport *
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(against model (1)) is 112.8, which would indicate that the assumption
that energy is separable from other commodities is not supported. Model
(4) imposes the restriction of explicit additivity (together with station-
arity), and since the model is homothetic, this means that all of the second-
order coefficients are zero. The test statistic for this model (against model
(2)) is 442.3, and this is also well above the critical 5% level (25.0 with
15 degrees of freedom), so that additivity cannot be accepted, conditional on
model (2).
In the last four models country dummy variables are introduced so that
the first-order coefficients (ai) can differ across countries. Model (5) is
stationary, so that the hypothesis that the a i's are the same across countries
is tested by computing the likelihood ratio statistic for model (2) against
model (5). The value of the test statistic is 1345.5, which is well above
the critical 5% level of 64 (48 degrees of freedom), so that we must assume
that the ai's indeed vary across countries. (Note that the a i's in model (5)
differ considerably across countries.) In model (6) we allow the a.i's to vary
across countries, but we add the restriction that energy is explicitly groupwise
separable from the other categories. The test statistic for this model (against
model (5)) is 2.92, which is below the critical 5% level of 11.07 (5 egrees of
freedom), allowing us to accept the assumption of energy separability. We view
this test of energy separability as more definitive than the last one, since it
is based on a model for which the ai's vary across countries, which we have seen
is essential. Model (7) adds the restriction of explicit additivity. The
test statistic for this model (against model (5)) is 180.65, which is above the
475% level, so that we do not accept additivity. Finally, model (8) includes no
4 7We also test the hypothesis that the ai's are the same across countries conditional
on the restriction of additivity (model (7) against model (4)). The test statistic
is 1607.6, which is well above the 5% level, again supporting retention of the
country dummy variables.
50
restrictions other than homotheticity. It differs from model (5) in that pre-
ferences are allowed to vary over time.
The results of these tests indicate that a non-stationary model based on a
non-additive indirect utility function with first-order coefficients that very
across countries is needed to estimate price elasticities of consumption expend-
itures.48 We now retain models (5) and (8), and present their implied price
elasticities in Tables 8a and 8b. Note that the own price elasticity for energy
is close to -1 in both models, which is what would be implied by energy separ-
ability. Own price elasticities vary between -.5 and -1.8 in model (5), but
only between -.9 and -1.4 in model (8). The rather large elasticity for food
in model (5) is somewhat surprising, but this probably does not reflect a true
price response, and is instead the result of food prices rising slightly with
food shares dropping considerably as consumers spend larger incomes on other goods.
This is supported by the lower estimate of nFF in model (8) where preferences can
change through time. Cross-price elasticities are presented only for energy in
order to save space. Most of these are near zero except for food and transporta-
tion. The negative cross-price elasticities for energy and transportation are
surprising, but again may represent something other than a true price effect; as
energy became cheaper during the 1960's, the infrastructure grew that could make
possible expansion of the transportation and communication shares.
We turn next to the breakdown of energy expenditures. Ten models were
estimated, and the results are shown in Table 9. Of these models, ine are
homothetic. Again, we had considerable difficulty estimating non-homothetic
models, and the one that we were successful in estimating - model (5) - is
somewhat suspect, since although convergence of the nonlinear estimation pro-
cedure was reached, the resulting parameter estimates are rather large.
4 8We must stress, however, that these tests are all conditional on the assump-
tion of homotheticity, and we have not tested the homotheticity restriction
since we have been unable to estimate the non-homothetic model.
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In the first six models all of the coefficients are constrained to
be the same across countries. In model (1) the only additional restriction
is homotheticity. In model (2) we add the restriction of stationarity.
Model (3) allows time-varying preferences, but adds the restriction of
explicit additivity. Model (4) includes both stationarity and explicit
additivity restrictions. Models (2) and (3) are tested against model (1),
and model (4) is tested against model (1). The computed test statistics for
models (2), (3), and (4) are 10.44, 45.36, and 44.64. These are all above the
critical 5% levels, so that we cannot accept the hypotheses of stationarity
or explicit additivity.
Model (5) is non-homothetic, but the stationarity restriction is imposed.
To test for homotheticity, we compare this model to model (2) (so that the test
is conditional on stationarity and on the ai's being the same for each country).
The calculated test statistic is 61.92, which is well above the critical 5%
level of 9.5 (four degrees of freedom), so that we cannot accept the hypothesis
of homotheticity based on this test. Nonetheless, because of the problems
involved in estimating non-homothetic models, we continue to impose the restric-
tion of homotheticity.
Model (6) has the same specification as model (1), but it is estimated
using only four years of data: 1960 (or the first available year, if later than
1960), 1964, 1968, and 1972 (or the last available year). We can expect that
the use of data at four year intervals will result in a model that is more
representative of the long-run. Then, by comparing elasticities derived from
model (6) with those derived from model (1), we can determine whether model (1) -
and all of our other static models - are more representative of the long-run or
the short-run.
56
Models (7)-(10) are homothetic, but country dummy variables are introduced
so that the first-order coefficients (i's) can differ across countries. Model
(7) has no additional restrictions, model (8) is stationary, model (9) is
stationary and explicitly additive, and model (10) is additive but non-stationary.
We first test the hypothesis that the ai's are the same across countries by
comparing model (7) with model (1), model (8) with model (2), model (9) with (4),
and model(10) with model (3). The calculated test statistics are 900.0, 860.4,
813.6, and 889.2 respectively, and these are all far above the critical 5% level
of 46 (32 degrees of freedom). This provides strong support for the retention
of country dummy variables. Furthermore, it leaves us with some doubt about
the validity of the test for homotheticity. (Unfortunately we were not able
to successfully estimate a non-homothetic model that included country dummy
variables.)
We next test stationarity and additivity by comparing models (8) and (7),
models (10)and (7), models (9) and (8), and models () and (10). The calculated
test statistics are 50.76, 55.44, 90.0, and 85.68 respectively. These are all
well above the critical 5% levels, so that the hypotheses of stationarity and
additivity cannot be accepted. Thus whether or not we permit the ai's to
differ across countries, the data do not support the assumption of constant
fuel shares for each country that are independent of price.
It is interesting to examine the elasticities implied by some of the non-
additive models that have been estimated. Own price elasticities for models (1)
and (6) and own price elasticities and income elasticities for model (5) are shown
in Tables 10 and 11. Note that all of the own price elasticities are close to unity
for oil, gas, and electricity, but are much larger for solid fuel. Removing the
homotheticity restriction results in price elasticities that are more uniformly
close to -1, and results in particularly large changes in the elasticities for
oil. Given the results of the likelihood ratio tests, however, we could consider






e O H H
00 H
I I I I
0000 -I" r 
I I I I I I
%o c0 o0 o o, a, ,-4 ,--I C IH HI o I  I
'o 0 c0 1 1 H HHC' Oe~ 00o E H
* . *I I . . . I
r N 1£ o7
I C.I H I
I I I I
O O
IK IIIl
o C 14 -tL - oC4 00 c
He HH 00 HHo0 ~1 cl ~- ~ o~ c~ oI I II I I I I
I I I I I I I I
HC' Hi-I 0 0 - HH 
I I I I I I I Ico m O O H : 1- -4
. HH 0 0 H H.-I1 1 0 1 01 1 1 I I I I I I 
0 r.H HH 00 HHorl % Cl C l l CY C
I CC OJ vJ o) O C'2 C
I I I I I I I Io, lo t_ oo a, oo csoO
HH H H O O- HH
r-..I -I r-I -- I -I, - Ir!
. (14 O \."3c i:: C- C O *C1 I" l




















C.1- 1 H H H H H H
I I I I I I I IOn  It m...I-0 r-
ONO NH o or-Cl 0 0 r- 
4Cx H H HH HHoI I I I I I
II I I I I I IOH C) r- C1 H H H
L~ l l C Cl C l
Lt)O Co l
OY - f-r r -0
H4 HH
II I I 
H o
* -K H H
I I
osO F-=C H H O <Ur I. o' C) , - -I o O 'Lr r-. . c4 0 0 c oI
-. r-- ,- ~l O 0 c, oI
_o C) ON r- r- %D %D
I I I I I I I IIt~00C HH4 '.O'-I 
r- A c4 o- o o 0 - r-
II IrI I I I I
l o. C o0 , -I *-I r-. r-HH C H HH H 0 III I I I I I Ic, 0 c10 co l 00 0
0 ,_ 1 . OiLf<Q C\2 HH II o o -qH 4 H HHCCOCN~ e-c o o OOC HH H HH H H
'. C') O O n
- ('24 CV a 








































































0 LC e~%O cn cnCN ,- Ln'-It,-4 ,-I
I I I I I I
" n ecn r- 00
r- r-H o o r- H -HK * . .. . ..
* * CqJ H r- H- III I I I I
vDo r- ." CN Un cn 0
.-I , C,4 Ln o o H rI I I I I I I I1 1 C1 1 1 1 1 1
H 100 '









































1 I I 
0O 10 - r- %D
r- 14 0 0 HHirHH HsooH H
II l l li 
0:
CUU):>
C-4 00 -4 00 14 00













O H I 0o, ao a
* *,*,
--T oo n < -t .,T
*C * I'D 1, " C" 00 00KK 4¢ 0 e[~~i)ci  oo
HHq H-r-I 4
C,4 O 0 00 : [0 %D Ln
%O Cn 0 " Cq r- 0






















1- CL 00 
* * Lr 11D C14 C1




-', %,O r- r-I Ce') c0l
-4' 1-bH COC"100oo L)00 C "4 N






































































fuel elasticity is considerably greater than -1, and the electricity elasticity
is stable across the models, so that we may reasonably take these o1;ticittep
to be in the vicinity of -1.4 and -1.2 respectively. The income elasticities
are, of course, all 1.0 in the homothetic model, but differ considerably from
1 (at least for three out of the four fuels) in the non-homothetic model so as
to suggest re-estimating that model, perhaps under alternative restrictions.
Some of the income elasticities (e.g. for solid fuel) are highly unstable, so
that for the time being we have no grounds to assert that these elasticities
differ from 1.
The reader should compare the elasticities of models (1) and (6) in Table 10.
Note that these elasticities are quite similar, and usually do not differ by more
than 20%. This leads us to infer that our static translog models are probably
more reflective of long-run behavior than short-run behavior. This is comforting,
since most of our estimated own-price elasticities (for the consumption model as
well as the fuel model) are greater than unity. Of course the final determina-
tion of whether these elasticities are long-run or short-run must await the
estimation of a dynamic model.
In Table 12 we present partial price elasticities for model (8). This model
contains country dummy variables that allow the 's to differ across countries,
and although these parameters do not enter into the calculation of elasticities,
permitting them to vary would yield better estimates of the Bij's. In Table 13
we present partial price elasticities for model (7), which is the same as model
(8), except that it does not contain the restriction of stationarity. (Recall that
using our likelihood test we rejected stationarity.) By comparing Tables 12 and
13 we can determine the effect of imposing the unwarranted stationarity restriction.
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Note that the elasticities in Table 12 are generally much larger than
those in Table 13, and vary considerably across countries in ways that in
some cases cannot be explained on economic grounds. This variation across
countries - and across time - is reduced considerably in Table 13. In view
of these elasticities, and in view of our likelihood test results, we retain
model (7) as our "preferred" model.
Note that the own price elasticities differ considerably from those for
model (1) (see Table 10), particularly for solid fuel and electricity. The
oil price elasticities are surprising because they are so large, exceeding -2
for some countries. Comparing the estimated values of 22 for models (1) and
(7), we see that the model (1) estimate is insignificant, while the model (7)
estimate has a t-statistic of over 5, so that the data strongly support the
larger elasticities. In fact the prices of fuel oil fell over the period
1962-1970 for most countries in our sample, and the size of the oil shares
increased considerably - usually at the expense of the solid fuel shares. Part
of this shift in shares was probably due to changing availabilities of fuel-
burning equipment, but (over the long term) much of the increase in oil shares
could indeed be attributed directly to falling oil prices.
Note that the cross-price elasticities between gas and electricity, and
between solid fuel and electricity, are negative. It is doubtful that these
fuels are truly complements in the residential sector; these elasticities are
probably the result of the installation of new gas lines and electric power lines
at the same time during the 1960's in many European countries, together with a
diminishing use of coal. Note also that cross-price elasticities with gas (and
the own price elasticity of gas) are very large for West Germany. This is the
result of an extremely limited availability of gas for residential use in that
country - the share of gas has been about .02.
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These price elasticities are "partial" elasticities, in the sense that
they do not account for the effect of fuel price changes on total energy
expenditures. In Table 14 we present total price elasticities for our two
preferred models - fuel model (7) and consumption model (8). Recall from
Table 8b that the price elasticity of energy, as calculated from our consump-
tion breakdown model, is close to 1. This explains only the total fuel price
elasticities are nearly the same as the partial elasticities.
5.3 Dynamic Translog Models
(to be added)
5.4 Logit Models of Fuel Choice
We estimate a number of static and dynamic logit models to describe
the dependence of fuel shares on prices, income, and temperature. The "decision
functions" in these models are linear or logarithmic functions of relative fuel
prices .Pi (the price of fuel i divided by the price of energy), per capita
income Y, temperature T, and, in the case of the dynamic models, lagged shares.
Recall from equation (37) that this leads to a set of three equations that must
be estimated simultaneously, since certain coefficients are constrained to be
49
the same across equations. We therefore use iterative Zellner estimation to
estimate all of the models.
4 9Note that even without cross-equation coefficient constraints, simultaneous
equation estimation is desirable in that insofar as errors are correlated
across equations, it yields more efficient parameter estimates.
65
Our static logit models are of the general form
a
log(S 4) = I ai4kDk + biPi -b4P 4 + Ci4Y + di4T, i=1,2,3. (59)
k=l
where ai4k =ik-a4k ci4 ci-c4, and d=di-d4, as in equation (351. The Dk arei~k ik-4k' ci 'ci_'4' i4 4k
country dummy variables (countries are ordered alphabetically), and the fuels are
ordered (1) liquid, (2) solid, (3) gas, and (4) electricity. Parameter estimates
for four of the more promising static models are shown in Table 15 (t-statistics
are in parentheses, and the R2 for each equation is shown).
Model (1) is linear in prices and per capita income. Note that most of
the intercept dummy variables are highly significant. The price coefficients,
on the other hand, are insignificant for solid fuel and electricity, and signi-
ficant but with the wrong sign for natural gas. The income variables are all
significant; as expected, increasing incomes lead to greater use of oil and
electricity and less use of solid fuel (we have no a priori expectation regard-
ing the income effect on gas).
Temperature variables are added to model (2), but these are all insignificant,
and they provide no improvement in the price coefficients, so they are dropped
from the remaining models. Model (3) is the same as model (1), except that price
dummy variables areintroduced for solid fuel in Canada and the U.S. (CNSD, USSD),
and for gas in Norway and West Germany (NRGD, WGGD). There is virtually no solid
fuel used in the residential sectors of Canada and the U.S., and little or no gas
used in the residential sectors of Norway and West Germany. This is not because
prices are too high, but because in Canada and the U.S. other fuels are readily
available that are cleaner and more convenient, and in Norway and West Germany
the extremely limited supplies of gas are not made available to residential
consumers. Note that the price dummy variables are indeed highly significant.
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Table 15 - Parameter Estimates for Static Logit Models
Parameter
al
a 2 4 1
a341
a142






















































































































































































































































The price coefficients are improved in that three of them have the correct
sign, and the fourth, while positive, is insignificant.
Model (4) is the same as model (3) except that it is logarithmic in
prices. This results in no improvement in the estimated coefficients. We
therefore retain model (3) as our "preferred" static model.
Our dynamic logit models are based on the assumption that the choice of
fuels this period depends on the relative shares last period, as well as this
period's prices and income. The dependence on past shares is intended to
incorporate both habit formation and stock adjustment effects. It leads to
equations of the form
9
log(SiS4 = ai4kDk + biPi - b4P4 + ci4 Y + iSitl-4S4,t-l
(60)
i=1,2,3
Note that this is not a Koyck adjustment model. The coefficients i can be
greater than 1 (although we would expect them to be positive), and in general
a change in price will not lead to geometrically declining changes in shares
over time.
We present estimation results for three dynamic models in Table 16. The
first model is identical to static model (3), except that it contains lagged
share terms. The second model is identical to static model (4), but with lagged
share terms. The third model is the same as the first, but all of the intercept
coefficients ai4k are constrained to be the same across countries.
Model (1) is our "preferred" dynamic model. Note that many of the inter-
cept dummy variables are significant, so that inter-country differences must be
68
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accounted for in estimating elasticities. The price dummy variables for
solid fuel in Canada and the U.S. and for gas in Norway and West Germany
are highly significant, and are retained. Three of the four price coefficients
are significant and have the correct sign; the fourth (for solid fuel) has the
wrong sign but is insignificant. This is not very surprising - solid fuel shares
are low (and falling) in some countries with low solid fuel prices because cleaner
and more convenient fuels have become more readily available. Finally, note
that all of the lagged share coefficients are positive and highly significant,
so that dynamic adjustments seen to play an important role in the determination
of fuel shares.
Model (2) is logarithmic in prices, and the result is a loss of statistical
significance for two of the four price coefficients, with no noticeable improve-
ment in any of the other coefficients. Model (3) is linear in prices, but
contains no intercept dummy variables. The result is that three of the four
price coefficients have the wrong sing. We therefore use model (1) to calculate
dynamic elasticities, and to forecast changes in shares.
In Table 17 we present price and income fuel share elasticities for our
preferred" static model for two different years, and in Table 18 we present
short-run and long-run price and income fuel share elasticities for our "preferred"
50dynamic model.50 (We must stress that the solid fuel elasticities for Canada and
the U.S., and the natural gas elasticities for Norway and West Germany are of
dubious meaning since the respective fuel shares are so close to zero.)
50It is straightforward to calculate income and price elasticities of shares
for the static logit model. From equation (35) we can obtain the income
elasticity for a model with n shares as follows:
dSk/Sk - dSn/S n = (ck-c n)dY
Since dSk = 0, we have that
n-l n-l Sk
I dSk = t S dSn + Sk(ck-cn )dY} = -dS , or, (cont.)+
k=l k=l n
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Note that with the exception of liquid fuel, the own price elasticities
in the static model are quite small. (These are share elasticities, but for
very small changes in price, they will approximately equal the quantity elas-
ticities.) The larger elasticities for liquid fuel are supportive of the
results of our static translog model with country dummy variables. Nonetheless
it is surprising that these elasticities are so much smaller than those obtained
from the static translog model - and in fact are unreasonably small for solid
fuel and electricity, and have the wrong sign for gas. We assume that this is
a result of the fact that the logit model is more restrictive than the translog
model, and carries restrictions that do not yield a valid representation of fuel
demands. The income elasticities for the static model are less disconcerting.
It is reasonable that solid fuel has a negative income elasticity (note that
unless all income elasticities are zero, at least one must be negative), since
coal is indeed the "inferior" fuel for residential use. As European per capita
incomes have increased, more and more homes have had oil, gas, and electric
n-l
50(cont.) dSn/Sn = cndY(l-Sn) - d CkSk 
k=l
After some manipulation, this reduces to
dS /Si n-l
niY = dY/Y ' (ci-cn) - I (ck-cn)SkY 
k=l
To obtain the own price elasticities of shares, note that
dSk/S - dSn/S = bkdPk
Then using the fact that dSk = 0 and ISk =1, we can obtain:
S dSi/Si bi(l-Si)Pi , i=l, ..., n-l
nii dPi/Pi biSiPi , i=ni i
We do not derive analytical expressions for long-term and short-term dynamic
elasticities. Instead, these elasticities are calculated by simulating the
dynamic model.
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heating equipment installed, and of these latter three fuels, oil has
usually been preferred.
Price and income elasticities calculated for the dynamic model are
extremely large in the long run in many cases. If all of the price elasti-
cities had the correct sign, we could interpret this as indicating that in
the long run fuels are nearly perfect substitutes, so that if the relative
price of a particular fuel increased from its "equilibrium" level, the share
of that fuel would become close to zero after enough time had elapsed. This
is indeed reasonable, particularly if the "long run" is long enough (we use ten
years for the long run in claculating elasticities). However some of the price
elasticities have the wrong sign, even though three of the four estimated price
coefficients have the correct sing. In addition, the signs of both the price
and income elasticities change from country to country, and in some cases the
sign of the long run income elasticity is the opposite of that for the short-
run elasticity. In addition, if fuels were perfect substitutes, long-run income
elasticities would be close to zero, which they certainly are not. It appears
that the dynamic model is unstable, with changes in fuel shares cascading so
that equilibrium adjustment to a price or income change is never reached.
The results of simulating both the static and dynamic models are shown in
Table 19. Actual values of prices and incomes are used up to 1973, and extra-
polated relative prices and incomes are used after 1973, with the extrapolations
done using the 1960-1973 growth rates for each country. The 1975 and 1980
simulated share values, then, show the projected effects of a continued change
in relative prices implied by each model; they do not represent our "forecast"
of future shares since there is good reason to expect that relative prices will
not continue to move as they have in the past.
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Table 19: Simulated and Actual Fuel Shares
(1) = Simulation of Static Model (2) = Simulation of Dynamic Model (3) = Actual Values
BELGIUM






























































Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
1962 .37 .4 .3.38 .02 .02 .03 .17 .15 .16 .44 .43 .43
1966 .36 .42 .36 .01 .01 .01 .17 .15 .19 .46 .41 .44
1970 .41 .67 .35 .00 .00 .00 .16 .09 .16 .43 .23 .48
1975 .44 .97 - .00 .00 - .14 .01 - .42 .02 -
1980 .48 .97 - .00 .00 - .12 .01 - .40 .02 -
FRANCE
Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
1962 .09 .08 .08 .41 .43 .44 .24 .24 .24 .26 .25 .24
1966 .14 .13 .12 .32 .33 .31 .26 .25 .26 .29 .29 .30
1970 .15 .16 .20 .24 .19 .20 .28 .31 .27 .33 .33 .33
1975 .20 .18 - .14 .07 - .30 .49 - .36 .25 -
1980 .26 .05 - .06 .01 - .29 .86 - .38 .08 -
ITALY
Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
1962 .11 .10 .08 .17 .18 .20 .27 .27 .26 .44 .44 .45
1966 .13 .13 .16 .13 .13 .12 .27 .28 .27 .46 .46 .46
1970 .14 .15 .24 .09 .09 .07 .27 .25 .25 .50 .52 .43
1975 .12 .12 - .06 .06 - .27 .20 - .54 .63 -


























































Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
1962 .09 .11 .13 .23 .22 .21 .01 .01 .01 .67 .66 .66
1966 .15 .14 .14 .16 .15 .17 .00 .00 .00 .68 .71 .69
1970 .17 .15 .14 .13 .15 .15 .00 .00 .00 .70 .70 .70
1975 .00 .01 - .14 .18 - .00 .00 - .85 .80 -
1980 .00 .00 - .10 .17 - .00 .00 - .89 .82 -
USA
Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
1962 .34 .32 .32 .00 .00 .00 .25 .27 .26 .40 .41 .41
1966 .34 .24 .34 .00 .00 .00 .24 .29 .25 .42 .46 .41
1970 .31 .11 .30 .00 .00 .00 .24 .32 .24 .45 .57 .45
1975 .28 .07 - .00 .00 - .24 .23 - .48 .70 -
1980 .25 .05 - .00 .00 - .23 .12 - .52 .83 -
U.K.




























































Liquid Solid Gas Electricity
(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)
19t2 .[ . ..23 .12 .11 .13 .02 .02 . .o 7 .. 63
1966 .26 .22 .23 .08 .08 .09 .02 .02 .02 .64 .68 .66
1970 .25 .30 .29 .05 .05 .06 .02 .02 .02 .68 .63 .63
1975 .29 .83 - .03 .02 - .02 .01 - .66 .14 -













































income U.S. .10(S.R.),.60(L.R.) (a)
U.S. .20(S.R.),.80(L.R.) (b)
U.S. .27 (c)
Canada .83 to 1.26 (f)
Norway 1.08 (g)
6 countries* 1.09 (e)
pooled
20 OECD coun- 151 (h)
tries-pooled 
Fuels -
own price Canada gas & oil: -0.96 (f)
(partial) electricity: -0.34 (f)
Norway electricity: -.22 to -.60 (g)
20 OECD coun- oil: -.33 (h)
tries-pooled gas: -1.05 (h)
coal: -0.81 (h)
Canada gas & oil: 1.24 (f)
electricity: 1.88 (f)
Norway electricity: 0 to 1.4 (g)
Fuels - U.S. electricity: -L0 to -1.2 (i)
own price U.S. gas: -.15(S.R.), -. 01l(L.R.) (a)
(total) oil: -. 8(S.R.),-l.l(L.R.) (a)
elec.: -.19(S.R.),-1.00(L.R.) (a)
U.S. gas: -1.34 (b)
oil: -1.89 (b)
electricity. -1.13 (b)
U.S. gas: -1.28 to -1.77 (j)
electricity: -0.40 (j)
U.S. gas: -.91 (Q)
oil: -.91 (Q)
elec.: -.84 (Q)
Canada gas: -.20(S.R.),-1.3(L.R.) (k)
20 OECD coun- oil: -.52 (h)
tries-pooled gas: -1.11 (h)
coal: -.98 (h)
SURCES:
(a) Joskow and Baughman [69]
(b) Baughman and Joskow [6]
(c) Nelson [47]
(c], Jraan cn r 1 S
(e) Nordhaus [48]
(f) Fuss and Waverman [68]
(g) Rdseth and Str~m [56]







Berndt and Watkins [10]





















The historical simulation performance of the static model is quite
good, with share errors less than 10% in most cases. Note that the modPl
projects solid fuel shares to drop to below 10% for most countries by 98).
This is the result not of an extrapolated rise in the relative price of
solid fuel, but of an extrapolated rise in incomes. The dynamic model shows,
for each country, the share of one particular fuel becoming close to 1. Again,
this could be interpreted as near-perfect substitutability (in Belgium, for
example, the 1980 estrapolated price of liquid fuel falls relative to the prices
of the other fuels). However, it is more likely the result of a basic instability
in the dynamic model. Clearly further work needs to be done in specifying and
estimating dynamic logit models for fuel shares.
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6. Summar and Conclusions
The results presented in this paper include a wide range of implied
elasticities for total energy demand, and for the demands for individual fuels.
For example, the elasticities for our "preferred" static translog fuel choice
model are considerably larger (about twice as large) as those for our
"preferred" static logit fuel choice model. As we stressed in the beginning
of this paper, however, we view these results as very preliminary, and we
see their main value in suggesting where further work could be best directed.
The results for both the translog models and logit models must, at this
stage, be considered inconclusive. Translog models must be estimated in
their non-homothetic form (perhaps using a different computer algorithm), so
that we can test conclusively whether the assumption of homotheticity can be
maintained. This is essential, since all of our other tests (stationarity,
additivity, etc.) were based on this assumption of homotheticity. In addition,
the imposition of the homotheticity restrictions greatly reduces the power of
the translog model. Under homotheticity explicit seperability (additivity) of
any category implies that its own price elasticity is -1 and its cross elastici-
ties are zero. The calculated own price elasticity of energy in our consumption
breakdown model is -1.01, but a different number might have resulted had the
model been non-homothetic.
We also need to better identify the difference between short-run and long-
run elasticities. One way to do this will be to estimate static models across
time and across countries separately. However, it is also necessary to obtain
better specifications and estimations of dynamic models.
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In some ways the variations in estimated elasticities between our
different models is not surprising. A survey of the existing literature
indicates a very wide range of published and unpublished energy elasticity
estimates. Observe in Table 20 that long-run price elasticity estimates for
the United States range from -.33 to -.89 for oil, -1.01 to -1.77 for gas, and
-0.4 to -1.21 for electricity.51 Own price elasticity estimates, for total
52residential energy consumption in the U.S. range from -.28 to -.63.5 2 A
similar range of elasticity estimates exists for Canada and the European coun-
tries.5 3 Unfortunately we are unable, with our results at this point, to narrow
these "confidence intervals" on demand elasticities. Hopefully, such a narrow-
ing will come about with further work.
51-51See Halvorsen [25], Baughman and Joskow [6] , Liew 41], and Hirst, Lin,
and Cope [27].
5 2See Baughman and Joskow [6] , Nelson [44], and Jorgenson [35].
53See Adams and Griffen [ 1], Berndt and Watkins 10], Fuss and Waverman [68],
R6dseth and Strom [56], and Nordhaus [48].
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